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Abstract

There is a pressing need to develop accurate and robust 
approaches for predicting vehicle speed to enhance fuel 
economy/energy efficiency, drivability and safety of 

automotive vehicles. This paper details outcomes of research 
into various methods for the prediction of vehicle velocity. 
The focus is on short-term predictions over 1 to 10 second 
prediction horizon. Such short-term predictions can be inte-
grated into a hybrid electric vehicle energy management 
strategy and have the potential to improve HEV energy effi-
ciency. Several deterministic and stochastic models are 
considered in this paper for prediction of future vehicle 
velocity. Deterministic models include an Auto-Regressive 
Moving Average (ARMA) model, a Nonlinear Auto-Regressive 
with eXternal input (NARX) shallow neural network and a 
Long Short-Term Memory (LSTM) deep neural network. 
Stochastic models include a Markov Chain (MC) model and 
a Conditional Linear Gaussian (CLG) model. To derive the 
prediction models, numerous data inputs are used, including 
internal vehicle data (CAN bus information) and external 
vehicle data (radar and V2I information). Two data sets repre-
sentative of real world driving in Ann Arbor, Michigan are 
used for model development and validation. One of these data 
sets reflects highway-focused single-car driving, and the other 

one is representative of a mixed highway/urban three-car 
connected driving. Time shift, a novel index which reflects 
the time lag between predicted and actual vehicle speed values, 
is introduced to assess the prediction accuracy of vehicle 
velocity. Also, a more standard Mean Absolute Error (MAE) 
metric is used to evaluate the prediction results. In order to 
improve the vehicle speed prediction accuracy, data augmen-
tation with additional labels is used to cue machine learners 
on different features present in the driving trajectories. The 
results show that these artificially augmented labels can signif-
icantly improve the prediction accuracy both in terms of MAE 
and time shift metrics. The results also indicate that deter-
ministic models can provide more accurate performance on 
average while stochastic models may be less accurate in terms 
of the average velocity prediction but provide information on 
the prediction error distribution which can be exploited in 
stochastic and scenario based model predictive control. 
Overall, LSTM deep neural networks have been able to achieve 
the best accuracy in predicting vehicle velocity. For 10 sec 
ahead vehicle velocity prediction, the LSTM model demon-
strates prediction accuracy with MAE of about 1 m/s and time 
shift of 0 to 4 seconds. The results also suggest substantial 
benefits in using external vehicle data, indicative of the current 
traffic situation, for vehicle speed prediction.

1.  Introduction

Intelligent Transportation Systems (ITS) are expected to 
significantly impact the automotive industry by enabling 
safer and smarter transportation. The ITS future technolo-

gies include Advanced Driver Assistance Systems (ADAS), 
Automated Driving Functions (ADF), Vehicle-to-Vehicle 
(V2V) and Vehicle-to-Infrastructure (V2I) communication 
[1]. Their growing use will yield significant improvements in 

fuel economy (FE), transportation efficiency and safety [2]. In 
the near term, the prediction of ego vehicle velocity can 
be used for optimizing the energy management in order to 
improve fuel economy and reduce emissions. Furthermore, 
the ego vehicle velocity forecasts can be integrated into colli-
sion risk estimators thereby helping drivers avoid accidents. 
The prediction accuracy is dependent on a specific prediction 
algorithm used [3].
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Motivated by the above applications and considerations, 
this paper focuses on predicting the ego vehicle velocity. In 
particular, we use real world driving data to implement and 
compare several vehicle velocity prediction algorithms which 
are developed following different approaches that fall into two 
groups: deterministic and stochastic. Deterministic 
approaches predict a deterministic vehicle velocity value while 
stochastic approaches generate a probability distribution of 
the predicted vehicle velocity value. In order to improve the 
prediction accuracy, data augmentation with artificial labels 
which help cue machine learners on different features present 
in the driving trajectories is also exploited. The prediction 
results are evaluated by Mean Average Error (MAE) and time 
shift metrics, and conclusions are drawn based on the 
prediction results.

Vehicle speed prediction has been addressed in several 
publications. Several references considered deterministic 
approaches. Lefèvre et al. [3] compared parametric and non-
parametric models to predict ego vehicle velocity over 1-10 sec 
prediction horizon. Their results indicate that while simple 
parametric models perform well for short-term prediction, 
advanced models are necessary for long-term prediction. 
Olabiyi et  al. [4] used deep recurrent neural networks to 
predict driver actions 5 sec ahead. Lemieux et al. [5] used deep 
learning networks to predict ego vehicle velocity and route. 
Zhang et al. [6] exploited V2V and V2I communications to 
predict the vehicle velocity into the future, and they have also 
developed an energy management strategy based on the 
vehicle velocity prediction. Sun et al. [7] used Radial Basis 
Function neural networks and achieved good vehicle speed 
performance on four standard driving cycles. Hellström and 
Jankovic [8] proposed a model for human driver operating an 
accelerator pedal and exploited it for prediction. Stochastic 
approaches for vehicle speed prediction have been also consid-
ered. Moser et al. [9] applied conditional gaussian models to 
predict vehicle velocity over a prediction horizon of 1-15 sec 
ahead. Under the assumption that the vehicle is driven on an 
urban road with known future states of traffic light signals, 
good vehicle speed prediction results have been obtained. Jing 
et  al. [10] and Filev et  al. [11] considered vehicle velocity 
prediction using fuzzy Markov models and auto-regressive 
models. Monte Carlo simulations were exploited by Funfgeld 
et al. [12] to prediction the vehicle velocity 1-30 sec ahead.

Although the problem of vehicle velocity prediction 
has been previously studied, and existing approaches 
generally provide good steady-state accuracy, transient 
prediction accuracy requires further improvements. While 
Mean Absolute Error (MAE) and Root Mean Square Error 
(RMSE) have been traditionally used for assessment of 
vehicle velocity prediction results, the time lag, which is 
one of the most important aspects in time series analysis, 
has not been previously considered. The time shift metric, 
which reflects the time lag between the predicted value 
and the target value, will be  introduced in this paper to 
evaluate the prediction results. In addition, data augmen-
tation with artificial labels and the use of external vehicle 
data (radar and V2I information) are shown to improve 
the vehicle speed prediction accuracy. The paper is orga-
nized as follows. In Section 2, the vehicle speed prediction 
problem is described along with two real-world data sets 

which are subsequently used for model identification and 
validation. The methodology for data augmentation with 
labels is also described. Section 3 describes different vehicle 
speed prediction approaches. The assessment methods 
and the results of applying approaches in Section 2 to the 
two data sets are presented in Section 4. Finally, Section 5 
summarizes the conclusions and suggests directions for 
future research.

2.  Problem Statement and 
Data Sets Description

The objectives of this paper are to (i) assess the potential for 
radar signal, V2V and V2I data to improve vehicle velocity 
prediction and (ii) develop an accurate prediction model of 
future vehicle velocity to be  used for anticipatory power 
control to further improve drivability, reduce fuel consump-
tion and emissions.

Our experience suggests the following velocity fore-
casting horizons could be useful in the following applications:

 • 1-10 sec for hybrid electric vehicle energy management,

 • 1-3 sec for turbo lag compensation,

 • 100 msec - 1 sec for diesel engine emissions reduction.

Specifically, in this paper we are focusing on an objective 
of 1-10 sec ahead prediction of vehicle velocity. Since a vehicle 
operated in traffic by a driver is a complex dynamic system, 
the vehicle velocity may correlate with a large number of vari-
ables. In this paper, we consider both conventional prediction 
models (ARMA) and advanced prediction models (NARX, 
LSTM) to inform the vehicle velocity prediction models. In 
addition, stochastic prediction models (MC, CLG) are of 
interest as they are able to generate a probabilistic distribution 
of future vehicle velocity which can be  integrated into 
stochast ic and scenario-based model predict ive 
control solutions.

In order to develop vehicle velocity predictors, two real-
world driving data sets, which we refer to as the Highway data 
set and the A2 data set, are used. The Highway data set reflects 
primarily highway driving while the A2 data set is representa-
tive of mixed highway and urban driving.

2.1.  Highway Data Set
2.1.1. Data Set Description The Highway dataset was 
collected in March 2017 and contains data from 20 repeated 
drives along a certain route by the same human driver. This 
route represents the round trip from Toyota Technical Center 
to Exit 53 along highway US23 in Michigan, and is approxi-
mately 25 miles in length as shown in Figure 1.

The dataset includes 164 signals (features) in total. In 
particular, the driving trajectory (vehicle GPS coordinates) 
and general vehicle longitudinal/lateral states information are 
available in the dataset. In addition, radar signal channels are 
available that provide information about surrounding traffic.
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2.1.2. Data Augmentation Data augmentation is used 
in machine learning in order to improve model accuracy, and 
is especially effective when only limited data is available for 
training [13]. This basic approach, in our case, involves 
augmenting data with artificially generated labels and treating 
these labels as extra inputs.

For the Highway data set, the labels are generated 
according to the procedure illustrated in Figure 2 which shows 
GPS vehicle coordinates from Highway data set. At the begin-
ning of driving, the vehicle position is marked with green 
color and is labeled as 1; at corners and at the end of driving, 

the trajectory is marked with red color and labeled as -1. Other 
parts of the trajectory are left unmarked and correspond to 
label 0. Thereby introduced labels provide additional informa-
tion to the machine learners and help cue them to specific 
features and phases of the trajectory. For instance, at the 
beginning of driving, identified by label 1, the driver is typi-
cally expected to speed up. At corners and at the end of 
driving, identified by -1 label, the driver is typically expected 
to slow down. In the other parts of the trajectory, it is harder 
to anticipate the driver’s actions and hence these parts of the 
trajectory are labeled with label 0. Note that such labels can 
be generated easily onboard from ITS information available 
to future vehicles and hence can be assumed to be available 
as inputs.

2.2.  Connected Ann Arbor 
(A2) Data Set

2.2.1. Data Set Description The A2 data set was 
collected in May 2018 and contains data from hundreds of 
repeated drives along a certain route by three human drivers 
who drove three vehicles simultaneously. This route represents 
a round trip in Ann Arbor, Michigan, and is approximately 
13.3 miles in length as shown in Figure 3. The A2 (city) dataset 
is different from the Highway data set because no radar infor-
mation was included.

2.2.2. Data Augmentation In A2 data set case, the V2I 
information is assumed to be available, which means that the 
time windows and locations of traffic lights and stop signs are 
known in advance. Furthermore, it is assumed that vehicle 
moving or stopped status is known. To be more specific, the 
vehicle velocity forecasting model knows whether or not the 
vehicle will stop within a 10 sec preview window. This 
V2I-based information can be used as an extra input by our 
vehicle velocity forecasting models.

For the A2 dataset, the labels are generated using the 
following procedure. As shown in Figure 4, when the vehicle 

 FIGURE 1  Route over which Highway data set 
was collected.
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 FIGURE 2  The definition of labels for Highway data set.
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 FIGURE 3  Route over which A2 data set was collected.
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has a non-zero velocity, the label 1 is used. Then when the 
vehicle stops, the label 0 is used. These labels are assumed to 
represent V2I future (preview) information that can 
be exploited by vehicle velocity forecasting models.

3.  Approaches
The problem of future vehicle velocity prediction according 
to historical and current information can be formulated as 
a time series prediction problem. In this section, several 
 deterministic prediction approaches and several stochastic 
prediction approaches are described. The parameters of each 
prediction model are determined based on the Highway 
data set. Towards this end, the Highway data set has been 
partitioned into training and testing parts. All predic-
tion models described in this section are trained on the 
training part of the data set and are validated on the testing 
part of the data set. Later the best performing model will 
be re-trained and re-evaluated on the A2 data set which has 
been similarly partitioned.

3.1.  Deterministic Prediction 
Approaches

In this subsection, three deterministic models, including 
Auto-Regressive Moving Average (ARMA) model, Nonlinear 
Auto-Regressive with eXternal input (NARX) shallow neural 
network model, and a Long Short-Term Memory (LSTM) deep 
neural network model are developed and their prediction 
capabilities are assessed.

3.1.1 . Auto-Regressive Moving Average 
(ARMA) model

3.1.1.1. Introduction to ARMA model. Given time series 
data y(t), the ARMA model for it consists of two parts, an 
autoregressive (AR) part and a moving average (MA) part. 

The AR part involves regressing the output variable on its own 
historical values. The MA part involves modeling the error 
term as a linear combination of the error terms occurring 
contemporaneously and at various time instants in the past. 
Mathematically, the ARMA model can be expressed as follows:

 

y t y t y t y t pp+( ) = ( ) + -( ) +¼+ -( )
+ ( ) + -( ) +¼+ -

1 1

1

0 1

0 1

f f f

q q qe t e t e t qq (( ) (1)

where y is the variable of interest, e is the noise, p is the order 
of the autoregressive part and q is the order of the moving 
average part. The shorthand notation ARMA(p, q) is often used 
to designate such a model. From equation (1), we observe that 
only historical velocity information is needed to predict future 
vehicle velocity.

3.1.1.2. ARMA Model Applied to Highway Data Set. In 
statistics, a stationary time series has the property that for any 
given time instants, t1, … , tl, the joint statistical distribution 
of Yt1, … , Ytl is the same as the joint statistical distribution of 
Yt1 + τ, … , Ytl + τ for all l and τ. Informally, a stationary time 
series exhibits no clear trend (e.g., either up or down); it will 
oscillate above and below a horizontal line, and the magnitude 
of the oscillations (variance) remains constant through time.

For a stationary time-series, an auto-correlation function 
can be computed which is the correlation of a signal with a 
delayed copy of itself as a function of delay. If we define Yt as 
the value of a stationary time series y(t) with mean μ and 
variance σ2, the Auto-Correlation, given a time lag γ, can 
be expressed as

 AC
E Y Yt t

=
-( ) -( )éë ùû+m m

s
g

2
 (2)

The Auto-Correlation Function (ACF) is thus AC as a 
function of the time lag γ. The Partial Auto-Correlation 
Function (PACF) gives the partial correlation of a time series 
with its own lagged values, controlling for the values of the 
time series at all shorter lags.

 PACF h Corr Y Y Y Yt t h t t h( ) = ¼( )- - - +, , ,| 1 1  (3)

This distinguishes it from the ACF, which does not 
control for other lags. The differences in ACF and PACF 
among models are useful when selecting models. Typically, 
we use PACF to choose AR (p) and use ACF to choose MA 
(q) [14].

In the Highway data set, the velocity distribution shows 
evidence of non-stationarity. To eliminate this non-station-
arity, an initial differencing step can be applied one or more 
times. Mathematically, a single differencing step is 
represented as
 ¢( ) = ( ) - -( )y t y t y t 1  (4)

The ARMA model with an initial differencing step is 
designated by shorthand notationARMA(p, D, q), where D is 
the degree of differencing.

For the development of the ARMA model for vehicle 
speed prediction based on the Highway dataset, parameters 
have been chosen as p = 7, D = 1, q = 1 after ACF and PACF 
analysis. The model is then developed in Matlab with function 
arima(p, D, q).

 FIGURE 4  The definition of labels for A2 data set.
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The ARMA model does not perform well on the Highway 
data set as shown in Figure 5. There are significant errors and 
time shifts between the predicted and target values. We attri-
bute poor accuracy of the ARMA model to the vehicle speed 
time series not possessing features such as trend or periodicity 
which can be effectively exploited by ARMA models. Hence, 
ARMA model does not appear to be suitable for vehicle speed 
prediction on the Highway data set.

3.1.2. Nonlinear Auto-Regressive with eXternal 
Input (NARX) Shallow Neural Network

3.1.2.1. Introduction to NARX Model. In time series 
modeling, a nonlinear autoregressive eXternal model (NARX) 
is a nonlinear autoregressive model which has external inputs. 
This means that the model relates the current value of an 
output variable to both:

 • past values of the same output variable;

 • current and past values of the external inputs.

Mathematically, the NARX model can be expressed as:

y t F y t y t x t x t x t

e t

+( ) = ( ) -( ) ¼ +( ) ( ) -( ) ¼éë ùû
+ +( )

1 1 1 1

1

, , , , , ,

 (5)

where y is the output variable of interest, x is the external input 
variable and e is the noise. The function F is a nonlinear 
function, which is a neural network in our case. Note that the 
NARX model has the capability to include multiple inputs.

3.1.2.2. NARX Model Applied to Highway Data Set. By 
trial and error, the structure of NARX model is chosen as a 
4-layer neural network with 3 hidden layers. The 3 hidden 
layers have {2, 5, 6} neurons, respectively. The activation 

function is chosen as ‘tanh’. The NARX model is developed 
in Matlab with the function Narxnet.

Figure 6 shows that NARX model performs better than 
ARMA model on the Highway data set. The error and time 
shift are both smaller on average.

3.1.3. Long Short-Term Memory (LSTM) Deep 
Neural Network Model

3.1.3.1. Introduction to LSTM Model. The Long Short-
Term Memory (LSTM) deep neural network is a special kind 
of a Recurrent Neural Network (RNN), which is capable of 
learning long-term dependencies from large data sets (i.e., 
data sets with lots of inputs) while avoiding the gradient 
vanishing/exploding issues of conventional RNNs.

All RNNs are dynamic structures, which contain 
repeating blocks forming a chain. Inside the repeating blocks, 
the conventional RNNs have only one activation function 
while LSTMs have three gates with different activation func-
tions, interacting with each other in a particular way. The 
LSTM networks have the ability to deal with time-series data. 
Due to its special neurons, a single layer LSTM neural network 
can also be viewed as a deep neural network.

Figure 7 shows the LSTM model internal structure, 
which contains three gates - forget gate, input gate and output 
gate. The details of the computations can be found in [15] 
and are brief ly summarized in Figure 7 and by the 
following equations.

➊ The forget gate determines how much information from 
the previous step is forgotten,

 f W h X bt f t
T

t
T T

f= éë ùû +( )-s 1,  (6)

➋ The input gate decides what new information will be stored 
in the cell state and computes two factors,

 i W h X bt i t
T

t
T T

i= éë ùû +( )-s 1,  (7)

 �C W h X bt C t
T

t
T T

C= éë ùû +( )-tanh 1,  (8)

 FIGURE 5  ARMA model 10 sec ahead prediction results on 
Highway data set.

© 2019 SAE International. All Rights Reserved.

 FIGURE 6  NARX model 10 sec ahead prediction results on 
Highway data set.

© 2019 SAE International. All Rights Reserved.

 FIGURE 7  LSTM model internal structure. Source: [15].
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➌ The output gate determines the final output based on the 
state as follows,

 o W h X bt o t
T

t
T T

o= éë ùû +( )-s 1,  (9)

 C f C i Ct t t t t= * + *-1
�  (10)

 h o Ct t t= * ( )tanh  (11)

where the matrices Wf, Wi, WC, Wo and the vectors bf, bi, bC, 
bo designate weights and biases for the forget gate, input gate, 
cell state and output gate, respectively. In the above expres-
sions, σ is sigmoid function.

Figure 8 shows how time series inputs are processed by 
LSTM. In Figure 8, X0, X1, … , Xt are the elements of the input 
sequence and A0, A1, … , An are neurons in the first hidden 
layer. Each neuron is supposed to capture certain features. 
Figure 9 shows the overall functional diagram of a 5-layer 
LSTM neural network. The bottom pink layer is the input 
layer. The middle 3 green layers are hidden layers with LSTM 
neurons. Typically, neurons in low layers would capture low 
level features. Neurons in higher layers would capture abstract 
features. The top blue layer is the output layer.

3.1.3.2. LSTM Applied to Highway Data Set. The devel-
opment of LSTM is based on Tensorflow 1.0 in Python 3.6. By 
trial and error, the structure of LSTM is chosen as a 4-layer 
neural network with 3 hidden layers. The 3 hidden layers have 
{64,32,13} neurons. The activation function is chosen as 

“ReLu”, not only to avoid gradient vanishing, but also to accel-
erate training process. Regularization and dropout layer have 
been augmented to avoid overfitting.

The 10 sec ahead prediction results are shown in Figure 10. 
The resulting LSTM model shows very promising prediction 
results. The error and time shift between the prediction and 
the target are both small. With this LSTM model we have been 
able to achieve the best result among other model choices that 
we have tried.

3.2.  Stochastic Prediction 
Approaches

As an alternative to deterministic prediction approaches, 
stochastic predictors may also be used for the vehicle velocity 
prediction. The motivation for using the stochastic approaches 
is that in addition to predicting the mean value these 
approaches also generate features of the prediction error 
distribution that can be  integrated into stochastic and 
scenario-based model predictive control.

In this subsection, Markov Chain (MC) and Conditional 
Linear Gaussian (CLG) models are described that have been 
developed for future vehicle velocity prediction.

3.2.1. Markov Chain (MC) Model

3.2.1.1. Introduction to MC Model. A Markov Chain 
(MC) is a stochastic model describing a sequence of possible 
events in which the probability of each event depends only on 
the state in the previous event.

Figure 11-left shows a simple MC model as an illustration. 
In this case, there are only two states in the model, A and E. 
If the system is in the state A at the time instant t, then at the 

 FIGURE 8  LSTM inputs and neurons
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 FIGURE 9  Overall functional diagram of LSTM network.
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 FIGURE 10  LSTM model 10 sec ahead prediction results on 
Highway data set.

© 2019 SAE International. All Rights Reserved.

 FIGURE 11  MC model case (left) and CLG model 
case (right)

© 2019 SAE International. All Rights Reserved.
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time instant t + 1, the system could be in state A (with prob-
ability 0.6) or in state E (with probability 0.4). Similarly, if the 
system is in state E at the time instant t, then at the time instant 
t + 1, the system could be in state E (with probability 0.3) or 
in state A (with probability 0.7). The transition probabilities 
can be aggregated into the state transition probability matrix, 
P, given by

 P

A E

A

E

= 0 6 0 4

0 7 0 3

. .

. .

 (12)

3.2.1.2. MC Model Applied to Highway Data Set. For 
the Highway data set, we  can implement MC model by 
discretizing the value of vehicle speed into finite intervals 
which correspond to different states.

For the Highway dataset, the state transition probability 
matrix can be  calculated by frequency count of vehicle 
velocity transitioning between discrete intervals over a 1 sec 
window. To obtain the probability distribution of the future 
vehicle velocity 10 sec ahead, we can multiply the row vector 
representing the initial probability distribution of the vehicle 
speed by the state transition probability matrix raised to the 
power of 10. The predicted vehicle speed value corresponds 
to the expectation of this distribution and, furthermore, the 
standard deviation of the predicted vehicle speed can also 
be computed.

The MC model and associated transition probability iden-
tification routines based on frequency counts in the training 
data set have been implemented in Matlab. The prediction 
results for the MC solution are shown in Figure 12. The black 
dash lines delineate the 1 σ interval for the predicted vehicle 
velocity deviation from the mean. This standard deviation 
information can be useful in the development of stochastic 
MPC strategies.

Based on Figure 12, our MC model still has considerable 
prediction errors and time shift. Also, it is difficult for our MC 
model to take advantage of more than 2 inputs, which makes 
the MC model not the best choice for prediction on the 
Highway data set.

3.2.2. Conditional Linear Gaussian (CLG) Model

3.2.2.1. Introduction to CLG Model. A Bayesian 
network model is a probabilistic graphical model that repre-
sents a set of variables and their conditional dependencies 

via a directed acyclic graph. For example, a Bayesian network 
could represent the probabilistic relationships between 
vehicle speed and driving styles. Given the driving style, the 
network can then be used to compute the probabilities of 
vehicle speed.

A Conditional Linear Gaussian (CLG) model is a special 
kind of a Bayesian network model in which the conditional 
probabilities are assumed to be  Gaussian. The CLG also 
belongs to the class of dynamic Bayesian networks which 
model sequences of variables [16].

Figure 11-right shows a simple CLG model. In this case, 
X and Y are continuous variables (circles) and Q is a discrete 
variable (square). The variable X is often referred to as a contin-
uous-valued parent of Y. The variable Q is often referred to as 
a discrete-valued parent of Y. The conditional probability 
distribution of Y is defined as
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 (13)

The parameters in equation (13) can be estimated by the 
Maximum Likelihood Estimation (MLE) algorithm applied 
to the likelihood function,

 L y x Q j
t

N

j

Q

t t t

qt
j

= =( )éë ùû= =Õ Õlog
1 1

Pr ,|  (14)

where qt
j =1 if Q = j in the tth case, otherwise qt

j = 0 [9].

3.2.2.2. CLG Model Applied to Highway Data Set. For 
the Highway dataset, the CLG model is shown in Figure 13. 
Note that each node of CLG model has seven or eight contin-
uous parents and no discrete parent.

In Figure 13 pow designates engine power, sp designates 
vehicle speed, rg designates road grade, PH stands for predic-
tion horizon, and t designates the discrete time instant. The 
CLG model is developed using Matlab function 
mk_bnet(Bayes Net) [17]. The 10 sec ahead prediction results 
are shown in Figure 14.

The CLG model can also provide an estimate of the 
standard deviation, σ, and the 1σ interval of the prediction. 
Note that the CLG model still exhibits the prediction error 
and the time shift.

 FIGURE 12  MC model 10 sec ahead prediction results on 
Highway data set.

© 2019 SAE International. All Rights Reserved.

 FIGURE 13  CLG model structure for the Highway data set.
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 8 VEHICLE VELOCITY PREDICTION AND ENERGY MANAGEMENT STRATEGY PART 1

4.  Results

4.1.  Assessment
To systematically assess the prediction results, we introduce 
two assessment criteria: Mean Absolute Error (MAE) and 
time shift.

4.1.1. Mean Absolute Error Assume y1,  …  , yn are 
predicted values and t1, … , tn are target values. The MAE is 
given by

 MAE Y T
y t

n
t t

i

n

i i

,( ) =
-

=å 1  (15)

where Yt and Tt designate the corresponding time series. 
Smaller MAE means smaller error between prediction results 
and target values.

4.1.2. Time Shift The time shift is a measure of the time 
lag between the predicted time series and target time series. 
It can be expressed as

 time shift MAE Y Tt t ,= ( )-arg min
d

d  (16)

Smaller time shift indicates smaller time lag between 
prediction results and target values.

4.2.  Discussion
4.2.1. Highway Data Set Figure 15 shows all the predic-
tion results on the Highway data set. We can see clearly that 
different approaches provide different prediction accuracy. 
Good prediction results overlap more with the blue curve 
(Target) and have a small time delay (time shift).

In Figure 15, box marked ➊ illustrates the ability of 
different models to predict vehicle velocity 10 sec ahead in a 
tip-in scenario. There is a large time delay in ARMA model 
predictions (sky blue dash line) model and in MC (purple dash 
line) model predictions. The prediction results of NARX 
(orange dashed line) and CLG (green dashed line) are compa-
rably better than ARMA’s and MC’s. However, NARX and 
CLG models still suffer from time delay in tip-out scenarios 
➌. The LSTM (yellow dashed line) model achieves the best 
prediction performance, across tip-in➊, tip-out➌ and steady-
state➋ scenarios. Figure 16 shows the zoomed-in plots of 
tip-in, tip-out and steady-state scenarios. The MAEs and time 
shifts for all models are summarized in

Table 1. It is clear that the LSTM model has the smallest 
prediction MAE (0.9067 m/s) and smallest time shift (4 sec).

The ARMA model is the most widely used time series 
prediction model in finance. However, it does not work well 
for vehicle velocity prediction as the velocity prediction 
problem does not have features that appeal to the ARMA 

 FIGURE 14  CLG model 10 sec ahead prediction results on 
Highway data set.

© 2019 SAE International. All Rights Reserved.

 FIGURE 15  The comparison of different approaches for 10 
sec ahead prediction.
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 FIGURE 16  Zoomed-in plots of 10 sec ahead 
prediction results.
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TABLE 1 Comparison between different models

Model
10 sec. prediction  
MAE [m/s] Time shift [sec]

ARMA 3.6616 10

NARX 1.1389 7

LSTM 0.9067 4

MC 3.8579 10

CLG 2.0861 8
© 2019 SAE International. All Rights Reserved.
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model’s strength such as seasonality in the market. The NARX 
model based on the shallow neural network has achieved the 
second best prediction performance. Note that this model has 
smaller MAE and time shift compared to ARMA model. The 
deep LSTM neural network model provides the best predic-
tion performance and smallest time shift. The MC model did 
not provide good prediction results which is partly attributed 
to the fact that it currently does not exploit multiple inputs. 
Even though MC may not be the best model choice for speed 
prediction on the Highway data set, it may still be of interest 
as its use is synergistic with stochastic dynamic programming 
and stochastic Model Predictive Control. The CLG model did 
not perform well on the Highway data set (highway driving), 
a conclusion which appears to be consistent with some of the 
existing literature [9]. However, the CLG model may be able 
to perform well for urban driving if the underlying assump-
tion (Gaussian distribution of the output being predicted) 
holds and some traffic information (e.g., traffic light signal) 
is available.

4.2.2. A2 Data Set According to the results we obtained 
for the Highway data set, the LSTM neural network model 
provides the most accurate velocity prediction. We  now 
develop and evaluate the LSTM model on the A2 data set. In 
this data set, three vehicles were driving simultaneously. The 
information from all three vehicles is used to predict the speed 
of the last vehicle in the sequence. Note that the LSTM model 
is retrained with data from the A2 data set. The validation is 
performed on the subset of data not used for training.

The LSTM prediction results for 10 sec ahead vehicle 
velocity prediction are summarized in Table 2. In general, 
LSTM model leads to predictors with small time shifts. Also, 
similar to the Highway data set case, labels can improve the 
performance significantly as shown in Figure 17. The predic-
tion results for 1-10 sec ahead prediction on A2 data set are 
close to the target values on urban, stop-and-go, and highway 
scenarios. Note that the 1-10 sec predicted vehicle speed trajec-
tories are shown in Figure 17 by short red trajectories 
emanating from different initial points on the target trace.

5.  Conclusions and Future 
Work

In this paper, several deterministic and stochastic approaches 
have been considered for future vehicle velocity prediction. 
In general, deterministic approaches provide more accurate 
prediction while stochastic approaches are able to provide 
confidence information for the prediction results. Among all 
approaches, the Long Short-Term Memory (LSTM) deep 

neural network has shown the best performance. While in 
this paper we  used LSTM, the application of other deep 
learning methods is of interest and could be  pursued in 
future work.

A data augmentation method has been proposed to 
improve the accuracy of vehicle velocity prediction. In this 
data augmentation method, we made an assumption that 
vehicle’s stopped or moving status are known for the next 10 
sec. This assumption is reasonable if V2I information is avail-
able (e.g., the vehicle stopping time can be estimated from the 
distance to a stop sign, current vehicle speed, and assumed 
vehicle deceleration profile). With the help of augmented data, 
the LSTM neural network is able to decrease the MAE and 
reduce the time shift in transients.

The time shift metric has been introduced and used in 
this paper to evaluate the time lag between predicted velocity 
sequence and target velocity sequence. The time shift metric 
complements other metrics, such as MAE, in being able to 
systematically assess the performance of vehicle velocity 
predictors, in particular, during transients.

TABLE 2 LSTM prediction results with different inputs to 
predict the speed of the last vehicle.

Inputs
10 sec. prediction 
MAE [m/s] Time shift [sec]

A2 data set 1.66 5

A2 data set + labels 1.07 0
© 2019 SAE International. All Rights Reserved.

 FIGURE 17  LSTM vehicle velocity prediction 1-10 sec ahead 
on A2 data set in urban (top), stop-and-go (mid) and highway 
(bottom) scenarios.
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In an accompanying paper [18], an optimal energy 
management strategy has been investigated which relies on 
the 1-10 sec ahead vehicle velocity prediction generated by our 
LSTM model. In [18], fuel economy benefits of exploiting 
vehicle velocity prediction are demonstrated.

The implementation of the vehicle velocity prediction 
model in an experimental vehicle is left as the subject for 
future publications. One aspect important in vehicle imple-
mentation is the need for synchronizing data inputs from 
different data sources. Hence suitable software and/or 
hardware solutions will need to be developed that receive 
sensor information and synchronize relevant data sources in 
real time to inform the inputs for the prediction model.

References
 1. Cacciabue, C., Modelling Driver Behaviour in Automotive 

Environments: Critical Issues in Driver Interactions with 
Intelligent Transport Systems (London: Springer, 2007).

 2. Nkoro, A.B. and Vershinin, Y.A., “Current and Future 
Trends in Applications of Intelligent Transport Systems on 
Cars and Infrastructure,” in IEEE 17th International 
Conference on Intelligent Transportation Systems, 2014, 
doi:10.1109/ITSC.2014.6957741.

 3. Lefèvre, S., Sun, C., Bajcsy, R., and Laugier, C., “Comparison 
of Parametric and Non-Parametric Approaches for Vehicle 
Speed Prediction,” in American Control Conference, June 
4-6, 2014, doi:10.1109/ACC.2014.6858871.

 4. Olabiyi, O., Martinson, E., Chintalapudi, V., and Guo, R., 
“Driver Action Prediction Using Deep (Bidirectional) 
Recurrent Neural Network,”, print arXiv:1706.02257, 2017.

 5. Lemieux, J. and Ma, Y., “Vehicle Speed Prediction Using 
Deep Learning,” in IEEE Vehicle Power and Propulsion 
Conference, 1-5, 2015.

 6. Zhang, F., Xi, J., and Langari, R., “Real-Time Energy 
Management Strategy Based on Velocity Forecasts Using 
V2V and V2I Communications,” IEEE Transactions on 
Intelligent Transportation Systems 18:416-430, 2017.

 7. Sun, C., Sun, F., Hu, X., Hedrick, J., et al., “Integrating Traffic 
Velocity Data into Predictive Energy Management of Plug-In 
Hybrid Electric Vehicles,” in American Control Conference, 
Chicago, IL, 2015.

 8. Hellstrom, E., and Jankovic, M., “A Driver Model for 
Velocity Tracking with Look-Ahead”, in American Control 
Conference, Chicago, IL, 2015.

 9. Moser, D., Waschl, H., Schmied, R., Efendic, H. et al., “Short 
Term Prediction of a Vehicle’s Velocity Using ITS,” SAE 
International Journal of Passenger Cars - Electronic and 
Electrical Systems, 2015, doi:10.4271/2015-01-0295.

 10. Jing, J., Filev, D., Kurt, A., Ozatay, E., et al., “Vehicle Speed 
Prediction Using Cooperative Method of Fuzzy Markov 

Model and Auto-Regressive Model,” in IEEE Intelligent 
Vehicles Symposium (IV) June 11-14, 2017.

 11. Filev, D.P. and Kolmanovsky, I.V., “Generalized Markov 
Models for Real Time Modeling of Continuous Systems,” 
IEEE Transactions on Fuzzy Systems 22(4):983-998, 2014.

 12. Funfgeld, S., Holzapfel, M., Frey, M., and Gauterin, F., 
“Stochastic Forecasting of Vehicle Dynamics Using 
Sequential Monte Carlo Simulation,” IEEE Transactions 
on Intelligent Vehicles 2(2), 2017.

 13. Wang, J. and Perez, L., “The Effectiveness of Data 
Augmentation in Image Classification Using Deep 
Learning,” 2017, arXiv:1712.04621.

 14. Ratnadip Adhikari, R. and Agrawal, K., “An Introductory 
Study on Time Series Modeling and Forecasting,” 2013, 
arXiv:1302.6613.

 15. Olah, C. et al., “Understanding LSTM Networks,” 2015, 
http://colah.github.io/posts/2015-08-Understanding-LSTMs/.

 16. Murphy, K.P., “Dynamic Bayesian Networks,” 2002, https://
www.cs.ubc.ca/~murphyk/Papers/dbnchapter.pdf.

 17. Murphy, K.P. et al., “Bayes Net Toolbox for Matlab,” https://
github.com/bayesnet/bnt.

 18. Gaikwad, T., Asher, Z.D., Liu, K., Huang, M. et al., “Vehicle 
Velocity Prediction and Energy Management Strategy Part 2: 
Integration of Machine Learning Vehicle Velocity Prediction 
with Optimal Energy Management to Improve 
Fuel Economy,”

Contact Information
Mr. Kuan Liu
University of Michigan
Ann Arbor, MI 48109 USA,
liukuan@umich.edu

Definitions/Abbreviations
ADAS - Advanced Driver Assistance System
ARMA - Auto-Regressive Moving Average
CLG - Conditional Linear Gaussian
FE - Fuel Economy
ITS - Intelligent Transportation System
LSTM - Long-Short Term Memory
MAE - Mean Absolute Error
MC - Markov Chain
NARX - Nonlinear Auto-Regressive with eXternal input
RMSE - Root Mean Square Error
RNN - Recurrent Neural Network
V2I - Vehicle-to-Infrastructure
V2V - Vehicle-to-Vehicle
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